Quantifying an author's scientific impact is becoming increasingly important for evaluation and comparison purposes (e.g., for university recruitment and advancement or the award of grants). To this end, a number of quantitative metrics have been proposed that (in principle) allow the comparison of individuals' scientific quality or impact (Cartwright and McGhee 2005; Cheek et al. 2006; Meho 2007 ; although for a discussion on the potential pitfalls of this approach, see e.g., Garfield 1979; MacRoberts and MacRoberts 1996) . These generally fall into the categories of reputation, yield or productivity, and influence or impact (Avital and Collopy 2001) . Commonly used metrics include the total number of papers published, which is commonly used to gauge basal productivity and is likely to be positively correlated with factors such as funding obtained and research group size; the mean or total number of citations received, which are assumed to indicate the scientific utility of a study and can thus be used as a partial indicator of a study's quality and impact (Lawani 1986) ; and the journals where the papers were published and these journals' impact parameter (e.g., Steinpreis et al. 1999) . In particular, publication productivity and measures of citation frequency are commonly used to assess influence, although other metrics have also been proposed that incorporate both measures into a single metric. For example, the h-index, developed by Hirsch (2005) , aims to measure the cumulative impact of a researcher's output by looking at the quantity of papers published along with the number citations his/her work has received. The effective evaluation of such metrics is likely to require an understanding of factors such as visibility, the size of citing community, and the extent of integration into social and professional networks (Ward et al. 1992) . However, the relationship between these factors and scientific impact is unclear. Here, I investigate how variation in individual scientific impact is related to the structure of the scientific collaboration network (specifically, the coauthorship network) of which they are a part.
A social network (of which a collaboration network is one example) is a collection of individuals, each of whom is acquainted with some subset of the others. The structure of such a network within a scientific discipline may have important implications for the quality (and quantity) of scientific output, both for individuals and groups of researchers (such as research groups, departments, or universities), as some individuals will interact widely with others, whereas some will interact with just a very small subset of the available individuals. These interactions could in principle take the form of any social association, such as those that occur at conferences, over coffee, or via email correspondence, but these are difficult to quantify. Instead, coauthorship of research papers has recently been used as a proxy for scientific collaboration in order to successfully construct collaboration networks (e.g. , Newman 2001b ). This definition of scientific acquaintance seems reasonable because most people who have written a paper together will know one another quite well. Moreover, these data can be readily and accurately extracted from publication databases.
Using coauthorship as an indicator of collaborations, several studies have shown that the number of coauthors increases the citation rates of individual articles in some disciplines (Abt 1984; Smart and Bayer 1986; Katz and Hicks 1997; Glänzel 2002 ; although see Smart and Bayer 1986; Avkiran 1997; Rousseau 2001; Leimu and Koricheva 2005b) . Consequently, scientific collaboration is widely assumed to enhance the quality and impact of scientific research (and the degree of collaboration is often taken into account when making funding, hiring, and promotion decisions), not least because individuals with many links to others may have access to a larger pool of available ideas, methods, and resources, and it allows cost sharing and time saving as a result of division of labor (Avkiran 1997; Katz and Martin 1997) . Numerous initiatives have therefore been launched with the aim of promoting collaboration among researchers, despite the fact that there is not necessarily a direct link between citation frequency and research quality (Katz and Martin 1997) . Moreover, it is unclear how the scientific impact of an individual scientist may be affected by their level and pattern of interactivity within a scientific network and which interaction strategies result in the highest quality output. For example, is it better to collaborate widely, but only have loose ties with those collaborators, or to collaborate strongly with fewer others? Individuals who collaborate with few others, perhaps because they have rarely moved between research groups, may stagnate in enthusiasm or exciting, novel ideas (Newman 2001b ), a key reason why UK research councils are keen to promote movement between institutions for research fellows (e.g., Natural Environment Research Council fellowship handbook 2007/08). Similar arguments suggest that individuals that form cliques (groups of collaborating scientists who rarely form collaborations external to the clique), irrespective of their size, may have reduced impact (e.g., Figg et al. 2006) .
The statistical analysis of collaboration networks can uncover many aspects of an individual's collaboration patterns, such as how widely and how strongly they collaborate and with whom (Newman 2001a (Newman , 2001b . In this paper, I use some of these methods to investigate how variation in individual scientific impact is related to the structure of the coauthorship network of which they are a part. In particular, I address the following hypotheses: 1) better-connected individuals will have greater impact, 2) individuals with strong ties to collaborators will have greater impact, and 3) individuals in cliques will suffer from reduced impact.
METHODS

Network construction
I constructed collaboration graphs for scientists who published peer-reviewed research or review articles in the journals Behavioral Ecology (BE), Animal Behaviour (AB), or Behavioral Ecology and Sociobiology (BES) during a 20-year window from 1988 to 2007 inclusive. These journals were chosen because they have Ó The Author 2010. Published by Oxford University Press on behalf of the International Society for Behavioral Ecology. All rights reserved. For permissions, please e-mail: journals.permissions@oxfordjournals.org a very similar scope, and authors who publish in one tend to publish in the other 2. For example, of the authors in the sample publishing 2 or more papers, 84.6% of those publishing in AB also published in BE and a further 56.6% of those publishing in BE also published in BES. Over the 20-year time span of the sample, it is likely that anyone researching within the areas of behavioral ecology/animal behavior will have published in one of these journals, and so the resulting network is likely to provide a robust representation of scientific collaboration within this field. Data were collated from the Institute for Scientific Information Web of Science database using a search on the journal names within the stated years. Returned results that fell outside the remit of the search, such as books published under the title of Behavioral Ecology, were manually removed as were non-peer-reviewed content such as editorials, book reviews, errata, and miscellany. This yielded a total of 10 053 papers and 10 560 unique authors. The mean number of papers published by an author was 2.28 (range 1-115), and each paper had a mean of 2.38 (range 1-25) coauthors.
I considered 2 scientists to be connected if they coauthored a paper in the sample. It has been noted that estimating the true number of distinct authors in a database is complicated by the fact that 2 or more authors may share a surname and common initials (Newman 2001b) . Here, I used authors' full initials, as this will rarely confuse 2 different authors for the same person (although this will still happen occasionally). Although this approach may misidentify the same person as 2 different people, thereby overestimating the total number of authors, the estimated number of unique authors in the sample was very similar when just first initials were used (10 560 when both initials used compared with 9749 when only one is used; i.e., 92.3%), and analyses conducted on this reduced data set yielded highly comparable qualitative results. The data on scientific acquaintance allowed me to construct a binary collaboration graph, where 2 authors are defined as either collaborating or not.
However, it is likely that the association strength between 2 individuals who write a paper along with many other coauthors is poorer on average than 2 who were the sole authors of a paper. To account for this, Newman (2001a) devised a weighted association measure, in which collaborative ties are weighted inversely by the number of coauthors, as follows. First, if an individual writes a paper that has n authors in total (i.e., he or she has n 2 1 coauthors on that paper), then it can be assumed that they are acquainted with each coauthor 1/(n 2 1) times as well, on average, as if there were only one coauthor. Second, it can be assumed that authors who have coauthored many papers will know one another better on average than those who have written few papers together. This can be accounted for by summing the strengths of the ties derived from each of the papers written by a particular pair of individuals. Thus, the weight w ij representing the strength of the collaboration between 2 coauthoring scientists i and j is
where n k is the number of coauthors of paper k, and all singleauthor papers (which do not contribute to the coauthorship network) are explicitly excluded. Both the binary and the weighted graphs are considered in subsequent analyses.
Network metrics
For each individual within the network, I calculated 3 metrics (hereafter ''network metrics'') describing their collaboration patterns: 1) degree, 2) mean weighted degree, and 3) clustering coefficient. An individual's degree (k), calculated from the binary graph, is simply their number of unique collaborators and so provides a measure of how widely they collaborate within the community. The weighted degree (k w ), calculated from the weighted graph, provides a measure of the strength of an individual's collaborations (Equation 1), averaged over all collaborators (so that it is independent of degree); a higher score indicates that an individual has stronger collaborative ties, on average, than authors with lower scores. An author's clustering coefficient (C) is the mean probability that any 2 of their coauthors will also be coauthors of one another and so provides a measure of cliquishness; C (where C is bounded by 0 and 1) would be high for someone who collaborates only with those in a particular subfield or within a specific academic department and low for someone who collaborates widely with scientists who tend not to collaborate with each other.
Quantifying author impact
To determine each author's scientific impact, I estimated their h-index (Hirsch 2005) , which is defined as follows: a scientist has an index of h if h of their N p papers have at least h citations each and the other (N p 2 h) papers have no more than h citations each. To confirm that the h-index estimated from the sample of authors and papers used in this study provides a valid estimate of each authors' true score, for a subsample of authors (n = 100, 25 randomly selected from within each of the following similar-sized categories: those with exactly 1 paper, 2 papers, 3 papers, or 4 papers included in the sample), I calculated their h-index based on all the papers attributable to each author from a Web of Science search within the limits described above. True and estimated values were strongly correlated (r = 0.61, n = 100, and P , 0.001), and there was strong concordance both between the estimated h-index and other metrics estimated from the sample including their total number of publications (r = 0.94, n = 10 560) and the total number of citations received (r = 0.83). The h-index is thus assumed to provide reliable estimates of an author's impact, although it should be noted that substituting these other metrics in the analyses produces qualitatively identical results and the single metric has simply been used for clarity. This detailed subset of authors, for which actual h-index scores were known, was also used in further analyses to test the robustness of findings based on all authors and estimated h-index scores.
Statistical analysis
Clustering coefficient values were log transformed prior to analysis. Because network metrics are calculated relative to those of others within the network, they do not constitute statistically independent samples. Relationships between individuals' network metrics (degree, weighted degree, and clustering coefficient) were therefore related to their h-index using appropriate permutation tests, in which a P value was calculated as the proportion of permuted test statistics exceeding the observed test statistic over 10 4 permutations. For each regression or correlation estimate, bootstrapped 95% confidence intervals (CIs) were determined using 10 3 iterations of sampling with replacement.
RESULTS AND DISCUSSION
Do better-connected individuals have greater impact?
The mean number of collaborators (mean degree) in the studied coauthorship network was 3.73 (range 0-97). There was a significant linear relationship between degree and h-index (P , 0.001; Figure 1a ), explaining over half the variation in the data (R 2 = 0.54, bootstrapped 95% CIs for R 2 : [0.50, 432 Behavioral Ecology 0.58]), such that individuals with a large numbers of collaborators had a markedly higher h-index than those collaborating with few others. Moreover, this finding is upheld if only the subsample of authors for which an actual h-index score was computed is considered (R 2 = 0.25 [0.06, 0.41], n = 100, P , 0.001). Moreover, although there was a significant correlation between the number of collaborators and the number of papers published (r = 0.78), controlling for this (by including the number of papers as a random factor in the model) has no qualitative effect on the relationship between number of collaborators and h-index (P = 0.001). The positive relationship between the number of collaborators and h-index may be due in part to the increased proportion of self-citations in multiauthored papers (Leimu and Koricheva 2005a) or the increased chance that such papers will be brought to the attention of the citer through personal contacts with at least one of the coauthors. However, a high h-index also requires a large number of papers, and it is less clear how this could be influenced by such factors.
There is evidence that individuals who are indirectly better connected (via intermediate collaborations) also outperform those that are less well (indirectly) connected. The largest group of individuals in the network who are all connected to one another by at least one path (and probably many paths) of intermediate collaborations, the giant component, consisted of 6836 of the authors (64.7% of the total network size). The second and subsequent components were far smaller and contained 50 authors (0.47%). Authors within this giant component had, on average, a significantly higher h-index (mean 6 standard error [SE], 2.20 6 0.02 vs. 1.18 6 0.03; P , 0.001) than those outside. This result could have arisen because the h-index of authors who published a single paper in the sample may have been underestimated, perhaps because they predominantly work in another field. Indeed, the relatively small size of the giant component in this network compared with other scientific coauthorship networks, which tend to be in the order of 80-90% (Newman 2001b) , may be because behavioral ecologists regularly form transient collaborations with scientists (and non-scientists) in specialist fields, particularly those with biochemical, molecular, statistical, or ecological expertise who are unlikely to collaborate more widely within the behavioral ecology community. However, when considering the interconnected components containing at least 20 authors (from which a reliable estimate of mean hindex could be calculated), I found a significant positive relationship between mean h-index and the size of the connected component (R 2 = 0.81, F 1,7 = 25.41, P = 0.002), strongly suggesting that a greater number of collaborators in a connected component is associated with a greater mean impact.
Do individuals with strong collaborative ties have greater impact?
Although the mean strength of collaborations (mean weighted degree) only explained a small proportion of the variance in h-index on its own (R 2 = 0.05 [0.03, 0.07]), there was a significant interaction between the number of collaborators (degree) and the mean strength of these collaborations (P , 0.001). For any given number of collaborators (between 1 and 19 and 201), there was a significant positive relationship between the mean collaboration strength and the h-index score (all sequentially Bonferroni-corrected P , 0.05). In all cases, mean collaboration strength explained a large proportion of the variance in h-index (mean 6 SE R 2 : 0.70 6 0.06), suggesting that strong collaborations were associated with high scientific impact, irrespective of the total number of collaborators. This method of assessing collaboration strength only takes into account the number of papers a given pair of individuals have written together and the number of other coauthors with whom they wrote those papers (Newman 2001a) , and so whether this is truly representative of how well 2 individuals know one another could be questioned. However, this is likely to provide a conservative estimate of acquaintance strength, and further studies looking at the precise nature of these associations may uncover complex interactions between them and impact.
There was also a significant negative correlation between the number of collaborators and the strength of these collaborations (r = 20.22 [20.19, 20 .24], P , 0.001), such that the more collaborators an author had the weaker the average strength of those collaborations. This occurs because authors with large numbers of collaborators are more likely to publish multiauthored papers (correlation between degree and mean number of coauthors per publication: r = 0.42 [0.39, 0.45], P , 0.001), therefore diluting their mean weighted degree score, and may highlight a trade-off between collaborating widely and maintaining strong links to those collaborators.
Do individuals in cliques have less impact?
The network's mean clustering coefficient was 0.79, with 2 individuals having approximately an 80% probability of collaborating if both have collaborated with a third individual. This indicates a very strong clustering effect in the behavioral ecology community, compared with disciplines such as physics, biosciences, and mathematics, where clustering coefficients are 0.43, 0.07, and 0.15, respectively (Newman 2001b) . To some extent, this is certainly the result of the fairly large number of papers with 3 or more authors (38% of the total), as such papers clearly contain trios of scientists who have all collaborated with Figure 1 Relationships between h-index and (a) degree and (b) clustering coefficient. Clustering coefficient values were log transformed prior to analysis. Linear least squares lines are shown. Note that removing the outlier has no effect on the results.
Forum 433 one another. However, it is also likely that individuals introduce their collaborators to one another, thereby engendering new collaborations. At an individual level, clustering coefficients ranged from 0 (their collaborators had no collaborators in common) to 1 (their collaborators all intercollaborated), and there was a highly significant negative relationship between these scores and h-index for the whole network (R 2 = 0.65 [0.63, 0.67], P , 0.001; Figure 1b ) and for the detailed subsample of authors (R 2 = 0.12 [0.05, 0.24] , n = 100, P , 0.001); individuals within cliques (those with higher clustering coefficients) therefore have markedly less impact than those who collaborate with a range of other individuals. This result is robust to the removal of individuals with a log clustering coefficient of 0 (P , 0.001) and also holds if a slightly different version of the clustering coefficient is used that focuses on couples rather than triplets: the probability that A's coauthors, B and C, write a paper together where A is not an author (R 2 = 0.41 [0.39, 0.43], P , 0.001). Moreover, despite a negative correlation between degree and clustering coefficient (r = 20.65 [20.63, 20 .67], P , 0.001), the relationship between clustering coefficient and h-index remains if degree is controlled for by including it as a random factor in the model (P , 0.001). Consistent with this result, a previous study has found that in-house collaborations (a situation potentially analogous to the cliques in this study) have a negative effect on the citation rate of ecological papers, whereas interdisciplinary collaborations result in an increased citation rate (Leimu and Koricheva 2005a) .
These findings are likely to be due to a range of factors including the stagnation of ideas within a closed group, with little opportunity for new ideas arising and less opportunity (or less willingness) for ideas to be shared or collaborations forged outside the clique, which in turn would affect their ability to embrace new methods or techniques. The appearance of such cliques within the studied network may indicate the presence of specialist groups, in which authors predominantly collaborate with other like-minded individuals. Their low h-index scores may be because their specialism is not in vogue or because the majority of their publications (and potentially collaborations) occur outside of behavioral ecology, resulting in artificially inflated clustering coefficients and an underestimated h-index. It is possible, however, that the negative correlation between clustering coefficient and h-index is an artifact of the fact that the chance of having both a high hindex and a low clustering coefficient increases with the number of papers published (the latter because there is more opportunity for having coauthors that do not collaborate).
CONCLUSIONS
Authors with a high scientific impact, measured here using an estimate of their h-index, were those who tended to collaborate widely with others, those who formed strong bonds with collaborators, and those who were less likely to be part of a clique; altogether, a model including all the 3 network metrics, degree, mean weighted degree, and clustering coefficient, explained more than 89% (86% and 90%) of the variation in h-index. However, whether maintaining a high and diverse range of collaborations allows individuals to achieve a higher h-index or whether higher impact results in more collaboration cannot be determined from this data. It is certainly likely that few scientists would actively seek collaborations with a researcher who had published very little, and so the highest achievers will naturally tend to intercollaborate. Within the network studied here, there was significant positive h-index assortativity, calculated as the Pearson correlation coefficient of individuals' h-index scores against the mean scores of collaborating individuals within the network (Newman 2001a) (r = 0.37 [0.32, 0 .41], P , 0.001), that is, individuals with a high h-index themselves tended to collaborate with other high-impact individuals, whereas those having a low h-index appeared unwilling or unable to collaborate with successful individuals on average. This could be because success results in increased opportunity for collaboration, although it is equally possible that proactive individuals that seek out collaborations are placing themselves in the optimum position to become involved in high-quality (collaborative) research.
One notable exception to high-achiever intercollaborations might be in the case of supervisors/advisors coauthoring publications with their students, which necessitates collaboration between (potentially) high-and low-ranked individuals. Within the current data set, there was a positive correlation between the number of collaborators an individual had and the difference between their h-index and the mean h-index of their collaborators (r = 0.62 [0.60, 0.64], P , 0.001), such that individuals with few collaborators had a lower h-index, on average, than their coauthors and vice versa. Students would be likely to fall into this ''few collaborators'' group; indeed, the greatest disparity was observed for those individuals with a single coauthor, which may represent supervisor-student pairings. If so, then this may result in direct benefits to students because there is evidence that inexperienced researchers benefit by coauthoring a paper with a high-status collaborator (Leimu et al. 2008) .
Regarding the analyses conducted here, it should be remembered that coauthorship is only a partial indicator of collaboration and provides no insights into the precise nature and magnitude of collaboration (Katz and Martin 1997) or any potential benefits that may depend on the type of collaboration, the discipline, and the country or countries involved. For instance, international and multiinstitutional collaborations have been shown to be particularly beneficial in increasing citation rates (Narin et al. 1991; Katz and Hicks 1997; Goldfinch et al. 2003; Leimu and Koricheva 2005a) , and incorporating this into future analyses could be particularly insightful. In addition, the relationships between collaboration and scientific impact appear to be more positive in the ''hard'' sciences, such as physics and astronomy, than the ''soft'' sciences, such as sociology (Bridgstock 1991) and, arguably, ecology (Peters 1991) . It might therefore have been expected that the relationships between patterns of collaboration and author impact in the studied network would have been modest. The fact that strong relationships were in fact found between collaboration and scientific impact may be a result of the inherently interdisciplinary nature of contemporary ecological research, which incorporates not only all the biological disciplines but also to an increasing extent nonbiological fields, such as chemistry, physics, and mathematics. 
